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■ rhia docuRi^n^ is Rart ,©f a s^ri^s of chapters : ^ ; 
aa/icr£_bjd in so 01 1 759*^ Workfii-q from.th^ pr^mis^ ^hat temporal 

^ analy.siS' ia indi3p-asaiy.a for thf^ study of chanq- ^ tha docuni^nt 

oxiffiin OS maiOE -alr^rnat^^s^in r^s^arch d^aiqn of rhis nature. Fiv9 . 
E-^ctions tOGiis on t hc> j^Wuros, ad^an^ag is^ ind lifnl*:at ion s of 

Vtajpporal analysis. Pour d«s1 gnp wtiich coii^srn both qdantitativ^ i^nd 
qualitative cutcomes^r^i^valua^^adi pan^l, avent-count,^ 
avr^nt-Hffqu^rc^, .and d vent- hitter pa nsl. design s record stat 3 
occupancy of a sample of units, at two or aor^^ points^ in tlm^; for 
;:^3campl ^, vot -rs discloss votinq Int^ntioas in a s^quvnc^ of surveys 
laadinq up to an ^l^ction. An -vint-couut records th^^ nuffibar c€ 

. diff^^-nt tyu^s of ev^^nts in an int?rval (employed, ua-:?raployed • 
marri/^d, not- married) , An ^v snt -s^quenca dis^ign rl^cords s-^qu^nces 
of states occupied'by lach unit and 'i3 ^s^ful in i study of car#ars, 
An^ ^ v% n t-hist :^ry dfesiqiF records timinq of all [DOv-3/in a saqu^nc^. 
For .ox amplf , n study coil^ctiv^ jEiolonji r^^cord^d th-^ dat^:S a£ all 

nsuch events qr^at'^?r -than som^.? mfcniinai scop-^. Conelnsicns arr that 
-v^^nt-cou::tSj^ -^v ont ^s^qu^nc^s, and a V : n t - n i s ^ ori^ s prmit tDUch fin^r 
iDad^l ^^stinq ind snould b^^ usod.more oftrn in socioLoqical research. 
Also* socioloqts^s havt; baquq to J- vot?, gi^r^ att^Atio'n to mod^linq 
chinT- proc^iis'^s whlcii p:?rmin ricn u^^i of t?mpcral data. Finally, 
zh: noh^d to ■examine liak:^d chanq^s in qualit-y and qua^ntit-y is . 
; ^?cpr^ss^^1./'(Au^hor/'KC) ^ 
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rtost sociological research still relics ^ on' cr©s|$-aacfcionai ajiaiysli..^ 

^ ' - ' ' ' ' " . ^' , " " ■ ' 

ttotiethelepa^t the fiald has a long histoi^y of interest iri t^emporal analysis 

Much of the ttaditibnal interest -deriv'es from the conc^tn that causal 

inferences qannot be made dependably fr6m a crogs-sectijonj because one 



pa^noc show that a variable affects chTOge in another. j This concerri was 
f rejiuently mccoapanied by exaggerated claim's for trie pdwe if of tempo if^^^ 
analysis, ^ The' older llt^raturff ^bounds with qlaims th^t temporal designs 
are always Superior toi cross--'^%^iQns* We have since tedli^ed that cross- 
sections give soimd^r results if confounding in^lueneels vary fflore^var - 
time than over units. As^ a result of t^is knowledgej^a mdch mora tempered 
lyiew^ on .'the methodological value of" tempo^al^ analysis^ currant ly' pervadis 
. Jocio]|>gy, ..... . ; V ; ' ■ ■ - ^ . ^ ^. ^ ^ „ " ^ ■ 

|Currenr enthusiasn^ for temporal analysis stem^ more from substantive^ 
;aoncerns than fr^m methoddlogical prejudiqa/ MacrosotflDlQgy ihas begi^ to 

. Jv^^-. -^.r - : . - :■: ■ . , : : ^ , 

reori^ent 1:0 Issues of structural change. ^LlkWlse' the study of Individual 
development an4- careers has Idbmed progressively larger In microanalysis* 
Soqlolbgists of .many s^rllses have come to emphasize change; tempoMl' /. 
analysis^ iB/lndisptensible for the study of^.changej whatever its other 
ba^nef its! \ _ ^ ■ • . . " ^ i 

^/^ There are at least two J^iteratures on teqiporal analysis , one dealing 



,with diSGxete outcomes , the ^o therewith quantitative outaomas .^.^teeeas "^and 

/ ■ , . ' ^ / ■ , • . . V ^ ' " ,L. - ' ■ 

..de'velopments in one area diffuse ^ slowly into the ptHer, At present, * 
progress on specifying ^.Che probabilistic mechanisms ^as been 4rsater in 
the ;^tudy of discrete outcomes; explicit stochastic models underlie 
many sociological "studies of change in qualita'tlve varl^bies. Studies 

^ of .changes in .quantitative variables evidence an ad hoc approach to ■ 



St' 



■ ^ ^iSP^^^^V^^^^^^^^^^^^^^B of . change In both dlsc'rete and 
i quantitative out^teesv^ We &)nto#r basic design Issues as . well as -a variety 
Af ^echnicaV isswas,^eoncerningi^^ and testing. Much of the technical 

l.lteratura oh this 8ubJee4*carf^t"fQund outside socfology~ln statistics, 
biometrics j.%epnometr£^s J a^l^j^lng^ .etc- ^We <io not pratend to survey * 
atiy of: these fields^,' RatWer i^e emphasise meihq^s' actually used in 
sociologicEl ra^aarch. mant^^ df velopm^Cs ,in alli^d^^Helds^ when * - 
they >have aonjfa obvioua^ ba^^lng fen Currant r practice iri sociorogyj 

TYPES 0> DESIGNS . > . ^ * ^ 

;t Sdclolpglcal methpdolpgy has recently fiavorad ' treatments offrestimation ' 



and ta^stihg rathar" than daiign. While Mme design Is'sues may be^-stif f icient- 

: • " ■ .. J ■./ ^ /ir. ^' ' ^ ^ : , ■ ; 

ly well , understood that such ^' amphasis Is/apprc^ this is riot tha 

■ V ■ ■ ■ ' ^ ' ■ ' ■ *" " . \ .^ ^ 

-. ^ ----- ... : - ' ^ " ^ , ■ ^ . . . - . 

case In temporal analysis* Thus wa begin by reviawlng the major 

■ ■ ■ : ^- ^ ' ^' . ' ^ ^ ^ . 
alternatives in the design temporal analysis. ' 

^ ; ■■ : r / . ^ . ^ ■, 

Qualitative Outcomes ; • ^ . 



Studies of chtfhgtes In qualitative variables typically tak& one pf 
fouf fo^-ms^ panelj evencf county event-sequerice , or event-^^i^story deligns, ' \ 
Sociolqglsts have relief mainly on panel ■designs which record state occupancy 
of .3 s|mple of units two or more points; In time. LaEarsfeld, Berelson ^ 
Gau4et-s (1944) vtfting scudy is the prptotyper individuals in a'^'simple' 

' . v. : ■ , ■ ; f ' ^ - . ■ 

dlsclofe their voting indentions In a sequence of surveys p^qediTig an, 
election, . In gtudles ofl changes ^in cognitiye and affective 'st'ates,* panel ■ * 
surveys appear, to be thJ only alternative. However, when interest focuses on 
changes ^n state whose timing may )be recalled accurately, panel data 
may be ^thered retrospective 1.^. The classic example is, aialvsiB of f^^l 

. '— ' i- ■■ . • 



mobti l ty that ±3 based, oti InformatloR on current', o oaupa tlon a nd o n pGc Upatlon 

at some earlier time (firi^ job, father's job whei^respondant is 16 years 
o f age , etc.) ' • ^ y. 

= . • ' ^ ■ ' . ■ . , . 

. ^ ,If accuracy of tecall.ts sufficiently high, retrospective panel/ 
designs compare favprably to designs -that record outcomes cdnt#mporane- 
©usly. But they differ, greatly In one respect: the aampling prdcess, 
A current panpl geletts a sample or population and follows members 
forward in time; a retrospective; panel selects a samplg tfhd wrks ! 
backwards in time* As Duncan (1966) 'has shown for mobility tnalysis, 
a retrDapective panel systematically mtflrepreeents earlier* pc^latlons. 

■ ■ - ■ ■ - / ■ ' ' ■ ■ 

Men from earlier generations who did *not fatherifons or whose sons diefl ot 
emigrated are not represented in a retrospective fa^er-son mobility ' 
table. The re tros>ective panel yields censored samples of earlier 
populations* One way around the problemjjas Duncan has noted ^-^ is tm 
eonslder the father^son .table a characterization of the status origins 
cff those Interviewed at the second "wave." But. the problem is not 
easily avoided if one retains an interest i^^the process of 'change.^ 

An event-cbirfii design fills ^ome of the gaps in the paniel design; * 
it rjEtcords the number of different types of^'events^^^^ifr^n interval. 
When a unit can be in ©^ly two states^e^g., married or not married) , it; 
records siirfply the number of times each state is left (e.g.j the number 

marriages ^and, marital dissolutions) in a period, w4en ther^e are i 
several states "(e^g,, l=erf^oyedst Z^unemployed , and 3-^t^o£=the-j.abQr 
tat force), an evenc^tount design^ may record the number of episodes (or * 
spells) in each;state ^f^r, each unit ^ Sy.ll more usefully^ it mav give ' 

• ■ t' ♦ . yf ^ : 

the' number 6f transitidns, between .pairs of states (e.g., changes from-i 
Co 2 may be distinguished from chaA^^:fes from 1 to. 3)* ■ Evenf-^count designs 



/ 



'A 



^r is comparatively rare in apq ^loiogy 



, except for c 



refcords the SMuencas states occupied, by f 



ounts of a sln gj te kind J ' 

of evii^, e.g., riots, lynchl^ga, hospltalizatlonB, micJ Methoia^ \, " 
specifically develoised. f or analysis of event comiti are still rarer, and 
our discussion below Coupes only briefly on- methods for this deslMfi^ 
Sociologica|. metliodology is ^ipe study, of what can be learned about 

chati£e processes fr^'ap ^venC-co^t design aa compared to either the 
traditional ^anel design of designp that supply e^fen mbre l^ormation 
tempd^l ordering, V % 
eAn event-sequencL^ drtl^ 
each/unit. ,It cantbe Vjiewed as an ela^^i^ion of the event-c^nt design. 
Suppose the possible states are 1, 2 and 3,^ as above. A unit's record 
might be (2,^1^ 2) ^some^period of time. Singer a( 1977) a^ues that 
an ^ everit-aeq^uencl design 'p^rgvldWs the^ min^te^i^neceisary infoAijition for 
studying careers and^show^ that -this desl|n improves considerably "oh the 
more common paneil^ design/ ^This type of design 1? f ar from new In^ 
sociology (see, e.g., Fo;ra & Miller m9) , b^t^^ititerest Un^ It his only 
^ recently " reawakened (see, e.g,, Splle^hnan '1977 ^d Hogan 1978)^ We ^o\ 
, fiot revlew/literature.on thif design, in a separate section as it is . 
^ customary ' t& analyzf event sequences using techniq"ues for panel Analysis ; 
this approach assumes that the timing of eyents is Irrelevantf ^ ' ' 



An even^history (or sample path) design\filll in 



it records the timing of all mov^s in a. sequence* M^nyrlaboratory studies 
of small group interatftipn provide event-history data!'* \ 



regaining gapsi 



7 



.^■^Efee to^ the"*ORpQr4 



tunity Jto observe a group continuously , Experimenters may record ttiC'^ 



' ^ ,^ timing of' t^nsitions atnong structural types, etfc^^ ,*In none^eri|nental 
scudles , event histories are /lecessarily HcroSpectivA*. Nonetheless^ 
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'they may. differ markedly Iri J tfte /length of the recall period. The Johns / ' 

■'7 'f. 



r 1^ 



L 



.aopfklni ^ccupitionll history study CColeMn et al* 1972) reedjp^ dat^s 

Ll_^b_mattlss_^nd^exita^in^r 

Income Maintenance Experiment obtains Bu^h ihforiation is well. But 

since faMlies are interviewed , three times a yearl over' the stydy period, 

^ ■ - * ^ ' i ^ ■ ' 
reipondents need to recall thilr iievaat histories 



fbr oniy four month . # 



^mtibdm (Robins S^ Tuma 197i^ . . ^ " , ^ . ; 



Perhaps the most widespread application of ttif ayant-histpry/dasign is 



' iift archival research^ For exEmpla, Tilly's (sfee raferences below) , 
pioneering study of>' trends in collactiva violence in small French political ■ 
jmits records the ^tes of events of collective. violenca greater than 
Isdme mini^ial .s^ope* The fadt thrft Tilly typically aggregates bvarjinits 
I (to the natiori) and over time fto the year*) in his ^analysis .should not 
oBscura the fact that the dasi'gn itself Vecordg ^vpnt histories to a 
population of .small areal tlnits. Numerous other studies of collective ' / 
violence have adopted a similar design* - * , , 

^ The four types of design are otfderted^ in the extent' of detail acquired 
on the process of change* ^SQciolo|ists show a very strong pr«farehce for 
the 4jsiplest J ^the panel des^igni In some situations the panel is, the 



on 



6asible tempora^design* However, sdciologists pf tan forago 
op^o%t^nitie^.to collect' and use data on^%equenftes and timing of events. Wa 
suspect ^^hatf "this tendency reflects uncertainty regarding tha value of such 
information/ Thus it is important to consider whether designs comtaining 
ihformation/ o?i sequences and timing of events conifer any important '^advantages* 
ff wa Arfe to make systematic comparisons lamong designs, we mus^ be clear 
about the , timing of measurements in pan^l studies. Does. the.-n>iasurement 
interval^ ^'eflect some fundamental periodicitf in the process untfer 
study? I^^ so^ we cannot easily' copparr the variqus designs* Pf*, however j 
the timing of measuraments is largely arbitrary and events may occur . 




^ ^ t 'process genaratlng^the {lata is tha of a contlnuoug-»tlme d^g^ra^^ 
. ' state itQchaatlc prbcess. The MaBkov prodeas, introduced- to iociologifts 

^ ^ by Coleman ( 1964a) provides an, l^iportaftt baseline stochastic process of 

, The designs differ In their . ability to^flsdrlmlnkte aaong classes ? 

of^ continuous- time stocha^stlc models. The class^' twoWave pa^l design 
Is vary weak_ln terms of Its Ability to reject classes o^f models* (Singer* 
4 6i Spilerman 1976a^, One may test only for time-homo^neltyj t.e,, one 
: \ can^use data to accept or rfeject tke class^ of models^ with -Btatip^nary 
^ ^ transition probahillties • A^. third wavS of obaarvatlons permits a test 

of; the Markov proprirty^^ but it doi^ not permit* for e^amplCj distinguish- 
jiH Ing bMween Markov/ and semi-Markov processes. "Sioweverj data on event- 

counts and event^ sequences permit stronger inferences ^NaAd Went-hlslM^ 
4 data solve completely the so-called embedding problem .(Singer 1977; Tuma, 
Hannan & Groeneveld' 1|^79) . That^Us, information^ on the tiding of\vent^^ 
together with event-sequences makes it possible to tesf/for^^ery narrow 
clashes of modete. These analytia resMlts tell a Affry^fmpprtant lesson In 
■ design: whenever possibJii we should collect dWa on* the seqCienoea of 
moves and the timing of Droves. , ' ' * \ 



3i 

Quantitative Outcbmga 



' Some metric outcomes ch^ge rapidly relative to our 'abil|.ty to 
measure them, e^g, ^ size of large organizations, hours of work of 
individuals. OB^ier quantitative o*tftcomes .change levels infrequently, 
&.g.^ prestige o^ wage rates associated \^ith^^ob.^ For the latter, 

event'-history designs that record both the dates of jumps and 

- ■ ' ' ■■ ' * > -- 

the sizes of the jumps jare >appropriate * In mathematical therms , the 

• . . J ^ . . . ^ ^ ^ . . ' 

' -uhderlying stochastic f^oce^s is a jump process In whlch^one set o€ 
parameters |pverns holding times in states and^ anothet sat controls 



■ ■^•K -v' • ■ ' ■ ' ■ 

"^ayerage tjeight jumps (see ginlar 1975! 90-94 for a brigf discussion). 

- - '^"x ' ' ' ^ . ^ -—V-r- 

Both seta, of parameCari may be treated a« functions of exoget{dus\ variables., 

,\ y Though this framework appears natural for much sociological research 

■ \ . ' • , \- , ^' • • * ^ 

^ * we are not aware >Df any sociological applicatloni, , ^ ' 

t^en ^sociologists study clianges in metric variables, they typically 
rely, on ihtermittant observatlras. This is the only Jeaaible deslgtrsfor 
l':'^ rapidly changing outcomes. We typically distlagdlsh^three such .designs i ^ 
^ time Series design records the live! of the outcome at many dates fqr ^ 
one unit. The term panel design refers to a collection of short time 
series (as few as' two time points) on a number of units. If longer 
time series are available on several units j the design la called a 
multiple time^ series jiesign * 

Panfl designs have been used In the study of individual social 
psycholpgy (e*g,, Kohn ^ Schooler 1978), status attainment (Kelley 1973), 
organiEatlonal structui;e and demography (Meyer 19-75), and change in * - 
national social- structure (Chasa=Dunn| 1975) * 

Time-series designs have been employed largely in macrosociological 
research. Examples include studies of levels ^p"f collective violence ^ 
(Snyder £i Tilly 1972), changes in voting ^patterns (Doreian & Hu^on 197^) , 
^"sulGlde ^rates (yigderhous 197 7) , and studies of variations over time in 
l^yo^, organization and activity (Shorter & Tlllya970)> .Although efforts 
have begun to oontrast time series for different systems (e,g., Tilly, Tilly 

Tilly's (1975) comparisons of^ rates of violent protest in France, * 
/Germany and Italy for 1830^1930), sociologists have not fully eKplolted 
multiple tlme=series designs,/ ■ . ^ 

The sociological literature contains little guidance /on the choice ' 
between panel and time-'serles designs, .If ym include all the ^^levant 
causal variables and specify the proper form |f the model, teplicatlons 
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' to 



V' /■ ■.. i ..,8 

s of'the proesii oyer time ure juat as useful a;! replication ovar units; 



confounding factori. If the confounding factors are likely to vary over 
time but nc^tt^^^ng^lts at a point, In time (erg., prices In w A id 
ffiarkets), the panel design has the ed^e. If the confounding factors 
are likely to vary more across units but no| over time (e.gi, national, 
culture) p the tloe^lyrles 'design has^ the edge. 

To this point we have focused on the broadest featptes of designs for^ 
.,tempbral analysis. We turn now to consideration of the details of the 
various strategies, discussing straiigths and weaknesses of alternative 
approaches to modeling and estimatfon, W& begin ^ith issues of in j the 
study of changes |ln qualitative outcomes. ^ ' ' 

' EVENT-HISTORY >NALYSIJS ^ , * 

Strategies _ ^ ) 

Tnree main strategies for analyzing event-history data have been 
used and/or discussed Ih sociological rese^ch< The first strategy— by 
f ar ^ the most coTmnon=-negleQts some information in event hlstbrles* and 
analyzes' th^^^^d^^ra as if they were generated by some other design. 
Palmer -s (1954) ^ Labor Mobility in Six Cities provides a good illustration 
of, the many outcomes that can be obtained from €veht histories* The 
data consist of work histories for the. years '1940=1950 for roughly 
13,006 people. - Soma, of Palmer's findings could have been collected 
by a series of cross-sections (e,g\, the distribution of employment S 
status for a series of years )-or by a pinel (e,g., occupatlqnal 
status in 1950 by status ±n 1940), She also reports event rounts ie. g. , 
^number of jobs held) in different periods. Although^ the r^ge pf 
ouccomes reported is Impressive, her analysis does not make clear what 
.(if anything) was gaUne^d the event-history design that'^tould not hay ^ 
been^ learned by another design. " . ^ 



More jt5Geni' analyses [of event-history data i . 

^ part:of the in^ormdtlen In ive^t^iiapory dltZ They haCTWndfed 

, , CO rtly erf" ^ snaller rang* of outcomes '^han Palmer, .but have cpntrolled 
for a largtr number of varlabl'ei, primarily through maltivarlate techni- ' 
quea. Ordinarily information on the dates of eventa Is ya^d only to 
' compute cotftea of events in apme period. Then these counts are analyzed 
as a metric variable meaiured either at one "tlme-V (i, e, » in one period) " 
or at a series of "llLies," In short* event-hiatorir data ^are .treate4 as 
event counts* . * • 

, For eKample, Inverarity (1976) obtains the total number of lynchlngs 
, in a period from newspaper reports on the dates of lynchings. Then he 

^ analyzes this variable thfot^h a ^multlple indicator, multiple cause 
model using a procedure developed >y JbVeskog (1970). The analysis 
. ^is indis^tlnguishable from tha^ usually performed on cross-secclonal 
data. Similarly, Snyder and Tiriy (1972) ' compute the count of annual 
j collective disturbances Iji France from archival ift formation on dat-fes 
of violenc outbreaKs, UnXtke Inverarity^ they thete ^se time-series 
analysis .to investigate the ralatioh^f . these- cQurji/ to other tlma=vaTying 
charac^ristics of France. Similarly, Spllerman (1970) obtains the' " 
number of riots per city In different time periods frbm archival reports 
on riot dates. He not only a^Mlyzes these counts by linear; ragression 
(as in the usual pro§s-sedtional ' approach) but p^so considers whether 
^they could have been ganer^ated by various stochastic procasses (e.g. , 
Poisson, time-^dependent Poi|son, etc J. Eaton (^74) fits Poisson and 
negative binomial distribi/tions to^event^c^ts taken from event histories^ 
of admissions to 'mental hospitals. 

The second a.nd third strategies use tha irif ormation in event histories 
on Che timing and sequence of events, as^well as Information, on the 
number of ev-mts. These strategies, resemble ona anothar in assuming 

12: ' 
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'that a stochastic -(i.e. , probabilistic) procjess generates^events and that 
events may occur continuous'ly in t^me, (Changes that can ^ only oecur at 
discrete titae int^rvali are regarded as a special c£^^\^^ The tw strategie:S= 
diffkr in ^heir additionai assumpcions and in, the qupstions they'asfe of #^ 
the, data. ! - ^ ^ 

The exploratory strategy avoids making any additional assumptions ' 
about the process* Instead, it asks what classes of stochastic processes 
might have genera ted the data and what classes are unlikely to have genera te« 
than* It3 goal is to reject types of models^, i.e., to--narrow the class of 
possible models rather than to' accept any particular model. For examplej af 
appropriate anaiysiSs we might be able to conclude that the .data a^re incon= 
slstent with modelp in which the probability of an event per unit of time 
increases with fihe" length of time since th# last event Cwhere an event 
could; be, for exaifrple, a Job change). We might still be unable to tell 
whether the probability of an event per unit ©f time decreases with the ' 
length of this- interval-, or whether it is constant over time but varies 
from pne member of the population to another, ^ Methods for implementing 
this strategy are still in a primitive state; see Singer (1977) and " 
Singer & Spile rman (1976b) for preliminary ideas on jhis strategy. 

The third strategy, a model- tes ting approach, begins by 
assuming some simple stochastic process, estlmatas its parameters, and - 
then tests whather some of its implications fit the da.ta. More 
complicated models are introduced either to tes/t an argument or to 
improve fit. This strategy^ resembles the one used by most sociologists 
in analyzing cross-sectional data; it mainly differs in the kinds of 
models that ar^ assumed. 

A comparatively simple stochastic model often assumed to describe, 
change in qualitative outcomes is a firstrorder, discrete-state. 
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^contfhuoUs-t^e J4rkov process, which' Includes the familiar Poissori model --^ 

\* for Che number of events in a period and the general birth-and'^'death model 

* ■ . * . ' . ' ... 

as special cases* The (simp la) Markov model ^has been applied to a wide 

t \ ■ - . 

varfety^ of phenomena; labor mobility (e.g, , Blamen, Kogan & McCarthy 1955),' 
changes in attitudes (e.g., Coleman 1964a), changes in . friendship networks 
Oe,g., Srfrensen & Hallinan 1977), marital stability (e.g., Hannan, Tuma & 
Groeneveld 1977), outbreaks of collective violence (e»g*, Spilerman^^l970) , etc* 

Unfortunately the simple Markov model rarely fits sociological data 
well. This lack pf fit has motivated various rGvisions and extensions 
of the model. It inconvenient to distinguish among three types: (1) 
th^se focusing on reconceptua^lzlng the process being studied in terms of 



'latent states,'' (2) those assuming the population studied is hetero- 

genaous, and (3) those postulating time-dependence in the process* 

Extensions - ^ 

LATENT STATES In typidal applications of Markov models, observed 

outcomes are assumed to be identical to the sta^s of the Markov process. 

So, for example, if the d^ta tell only that people hold a job or not, the 

states are assumed to be "holding a job" and "not holding a job." An 

improved conceptualization can sometimes make the applicacion of Che simple 

f 

Markov model more appropriate. For example, observed states may be 
assumed to be related to unobserved (latent) states in some specified 
^way, , If change on the latent states is indeed Markov^an butithe observed 
and latent states are notf perfectly correlated, then observed changes are 
generally not describable by the simple Markov model. We consider three cases. 

First, suppose each observed state is composed of several unobserved 
states, and movement among the latent states is Markovian. Since eagh 
observed state is ass'&ciated with two lor more .unobserved states, observed 



changes will v^t be b^rkovian. But An extended model may retalrt the , , = 
/'stationary 'Mai^kov framework and still Jit the data, for exaniple, Herbft , . - 
-C1963) ^pfroposed a modal of ihterfirm mobility in which "belonglrig to a' - * j 
firm" (wha& the data rlscordad) consists of four states I undecided, 
temporarily comiitted, permanently conmiitted and decided to leave, 
Mayer (1972) proposed a similar kind of model in which the data record' 
occupational categories, but each category is composed of two latent 
statasj one that can be left (analogous to Herbst's temporary, conraiitment) 
and one that cannot (analogous to Herbst's permanent commitment). 

Second, suppose true states correspond to probabilities of mating 
an observaHle response, and change ]from one probability to another is 
Markovian, This is the basic idea underlying Coleman's (1964b) Models 
of Change and Response Uncertainty , -Again^ change in observed responses 
is not tork'ovlans even though the, latent process is. This ingenious 
formulation has not been widely applied * perhaps because of Its mathematical 
complexity, Wiggins (1973) elaborates .on Coleman*s (1964b) discussion. 

Third, suppose change is Markovian but the true state for each 
episode^ is not always recorded accurately. If the error structure can 
be described, then observeH changes can be expressed as a function of the 
true underlying Markovian process. To our knowledge this conceptualization 
has not yet been applied in sociological research* We mention it because 
it resembles the errors^in-measuremen t models discussed in ^the literature 
on linear models of quantitative variables. 

POPULATION HOMOGENEITY Population heterogeneity has been introduced 
in two main ways. One approach assumes that the fundamental parameters of 
the Markov model have some postulated probability distribution wiLh unknown 
paramecers. For example, in their stu|y of industrial mobility, Bluman, 



*' Kogan & McCarthy (1955) postulated that there aTe fiwp- kindp of people, , * 
movers and stayars. In effact, they assume a Beftioulli distribution on 

■■■ the. parameters of the- Markov process: a ftacclon, p^^-of the population 

move according to a Markov model and the restj (1-p), do not^move at all. 

Spileratfti (1972b) and Singer ^|||lpilerman (1974) assumed that^the rate of 

leaving a state has a- gannna probability distrlbutidn but that the condition- 

al' probability af each m^ve is the same for everyone in/the population. 

This way. of introducing heterogeneity into Matkov models ^as a '"major . ^ 

disadvantage* It does not permit the investigator to make inferences 

about the detefminants of changes in qualitative outcomes. 

The alternative approach assumes' that the fundamental parameters of the 

Markov process — the Instantaneous rates of change from one state^o 

another*--depend on observable variables In some specified way. Below we 

discuss Coleman's ( 1964a) . approach to the study of causal effects oh 

rates from panel data. He also proposed an extension in which rates 

of change are linear functions of exogenous variables^ andTuma (1976) 

estimated such a model* The assumption that transition rates are 

linear in observables can lead to a mathematically impossible sltuatibn— 

namely, that transition rate§ are negative. It seems to be both 

mathematically and empirically more satisfactory to assume that transition 

rates are log^llnear functions of exogenous variables. This approach was 

also suggested by Coleman (1973), and It has been applied by Hannan, Tuma ^ 

* 

& Groeneveld (1977) to the study of marital stability, 

^ ' TI^E-»STATIONARITY According to the social process being studied ^ 
authors have suggested that paramatars of tha Markov model d'apand on aga 
(e.g*, Mayer 1972), duration Iri a state (e.g., McGinnls 1968, Tuma 1976), 
experience (e*g*, S^ransen 197 5), and/oF exparimantal time <e*g., Tuma, 
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from its ori|^3lnal source 
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* to? ■ 

M*estimatora ■ that take censocing into account. 

, - ^ The main adv^tage of =M-est;Lmatjors is chat they can somiy.mes be 
obtained when ooftxer estimators cannot be derived or are very difficult to 
implement. Th|i malj^lsad vintage of fl-estifflators is that they rfrely 
have optimal statistical properties, even in Krge samples. For eKample., 
Tuma h Hannan (1978) show thkt one of* Srfrensen* s M-^estlmators that Is 
^t also maximuTEf likelihood (ML) performs poo^y cojnpared to ML=es£imators 
MAXXMra LIKELIHdon ESTIMATION Maximum llke^lhopd (m) estimators. 



for the continuous- time, discrete-estate Markov mod^l sei^s to have been 
discussed first^ by^^^irfmetricians (Boag 1949) and statis^ticians (Albirt ^ 
1962), Tuma^ (19J^) applied estimation to the case ini.'Wh'ich parameters 
depend on exogenqui ob'servables ani;^iuration in a state. - Tuma ^ Hannan' s 
(1978) Monte Carlo experiments show t^at fflj-estimatorf based on ^vent- 
history data have good properties (small bias and variahce) eve^ when 
sample ar^ moderate in size and a high proportion of episodes have not 
yet ended (i*e., are censored). Tuma, Hannap & Groenevald (1979) give 
a detailed discussion of the use oi ML-estimation in e-vent-histpry ^^^^sii 
and discuss advantages of the event^history design o^er, panel and 
avent^count designs* : ' ' 

_ _ R 

The main advantage of ML-estimation of event histories 4s that it ' 
yields estim^ators with good propertied as long as the d#ta are generated^ 
by the postulated stochastic process. However, ^ tjiere Is no guarantee 
that i^^eatimators ' retain their good properties when the assoimptions . * 
of the model are violated. That is, >tL estimators may not be robust. . 
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partial; LIKELIHOOD ESTIMATIO%^^ estimAlon 
was proposed by Cox 1^1^72) to .estiraatie affects of aKogenous varifebleV * 
d'n transition rates f#om *event-hist^^'' dat^^ w do'fs pot know-how - ^/ ■ 

these rates, ^ary over filme,/ ,Cok fiWs&med that the instancaneous rate^of 
/ ^ ■ ^ I ^ ' . ■ -.^ , . / 1 ""^ " 

an event Calso called the HaEar^tf functional iJ^; Is: ^^ ^ * ' 

, b' rCt,x) ^ h(t)expCb3^ ' ^ ^ 

#^ 



where h(c).lba an unknown function of time t, x is a vector o| observed 
exogenous variables, and b is a vector of parameters to be estimated; 
The J^ikellhood function for this model Is" the product of three terms. "Two 
terms depend Qn the unknown h(t); the last, which Cox called the partial 
likelihood, depends only on ecp(bx) and the time^ ordering of, events in the 
sample. Without specifying h(t) we cannot. ^wlte the whole likelihood.- 

•Cox showed that treating the partial likelihoodj as though itjwere th^ 
whole likelihood gives consistent estimators of the b's. Efron (197'7), 

proved that under fairly general conditions the PL-estimators of the b's 
age asympototically normal and maximally)ef f icient* PL-estimacion has 
been used to estimate effects of variables on mortality 'rates of heart 
transplant patients (Miller 1976)* A sociological appliration has not , 

' ' • ■ ■ ■ ^ ■ " ^ ' I • 

yet been published , to the best of our knowledge. For k brief review of I 
th| ^statiscical literature on PL-^ estimation, see Tuma & Hannan (1978). 

The main advantage of PL--estimation is that it requires weaker 
assumption, than ^i^eetimation5 but' still yields estimators with good 
statistical properties. For this' reason it has genaratad considerabla 

I 

in tares t among s ta t is t ic iang * Ona disadvantage for Invasti gators wishing 



( . - ■ ■ . .8 i »•' ■ ;1- . - , , . J 

to predict fuctji^e eve'nta is chat PL-isciinatibn 4pes not Identify the '' '' 
'■■ „eon3tlnt.t#r.mV' That is, chough It est/ima'ced effects of vartabl-es. ori "the ' 
/ ratsji a% dof a not , egtlmate'^ the ^race.^ It is analogous to,*telng ablfe to ^ 

^estimate, slopes but not the' Intercept in-'iinear regr-eMlon analysis. ' ^* ' 

PANfeL ANALYSIS OF QUALITA^VE pUTCOMS , ' ' r ^ I 

Lazarsfeld (1948) appears to. have ^een the "first sociologist to 'have . ^ 
^oposad panel analysis of qualitative variables.. He noted that muih ' * 
data studied by sociplogists concerns an association betwWr\ two variables 
X and Y. Sociologists want^ to know whether X ind□oes^ change in Y or Y 
induces change In X. Observations on- X and Y ad a sinel* point in time 

. . ■ ' r V J 

cannot tell^this. Lazarsfeld suggested measurtrtg X and^T at two times, • . 

V / I 

tQ and t , If X and Y are .dichotomous ^ then' at atjy time th^ire are four 
possibler response patterns, ^^raying responses at time by thos€ at 
cime 1 gives the famq'us 16-fold table. How shoi^ld one analyze 
such a table (or one like it biit with more waves , more variables, or more 



possible tesponses for ^act^vvariable) to ^determine the extent.to which 

change in one variable affects another? i . , ^ 

\ . _ 

Sociologists hav^ used several approaches. One treats. panel 



analyzing a contingency tab^e. with KT variables. Another applies 



data on K 'qualitative variables at ppints in time as a otobiem^in 



a change between 



ordinary' linear regression^ analysis, treating 
successive waves as a dichotomous dependent Variable . Both of.tt^e 



. strategies implicitly assume that changes occur at discrete points in 
^ime or th^t the timing of change s is irrelevant to answeVing questions 

' concerning the determinants of change. Anothjer strategy assumes that 
changes can occur continuously in ^irte, even thougk data happen to be 
recorded 'at discrete' times. ' ** ^ 
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The Con BLnggTicy 'Table Stratafey • / - ' . ^ ' ' 
' , . Contingency'" table apaljsia has'^lourislied wlthl'n* the past decake/ ' - 
Vapiota^s authors,, espMial'Jy\Gobdmari '( 1972a, i9ff^i, |L973).*,^aYe d^yaldpad ' ^ 



a 'set. of powerful method^ foD* estifliatlng )ind teatlng^-log4linear model#^ 

- r, ' _ ^ , ^ ^ ' - f,^ > 

of^ the entries In a 'contingancy table, Thase^^q.iels can bd u&ed fo^ an- 
number pi ^mriables and number of discrete catagoriSs .per variabla^ We \ ^ 
do not attempt io sunmarl^^ tha main features of thage models beciuse^ 
there ara a. vsriaty of clear.(e,g., Davis 1974) and comprahensiVa '(a,g., . 
^ ■ Bishop, Fienberg & Holland 1975; ^Habarman 1974)^ expositibns ,.of tham, ^ 
and because by now they ara rather weiji known to spciologists.' 

ThMa techniques can be viewed as natural extensions of Lagar^ffeld ' s 
earlie^work on panel analysis pf .qualitative outcomes, Goodman (1973) 
discusses and illustratas application of these models and methods 'to 
. analysis of panel data\ A variety of o^er Sociological applications V 
to panel data have, f ollpwad . One, by Hauser\et al* (1975) on temporal 
. change in occupational mobility, contains an ispecially clear statement 
p£ the model and a good illustration *of how to interpret results based on 



it. ^ For an application of this specification to parameterize age, 
.period.,^^and cohjort effects, see Pullum (1977). ' ^ 

The advantages of this approach are the wide range o^f substantively 
interesting questions for which it provides an answer and the comparative 
ease with which it can be used. One disa^dvantage is that all variables 
included i^ ^he analysis must be changed into qualitativec.variables. An 
added diaadvantage ,^ partly arising from , the total reliance on pqlytomous 
variables, is the practical problem of finding a sufficiently large sample 

m ■ ■ 

to ,fill all cells of the contingency table. This is especially troublesome 
when a large number o^ Variables must be considered, AnotlTer possible 
disadvantage concerns the value of these methods in situations in which 
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the outcomes being studiid change contlnuous-Iy in time, as discusfed 
in more detail below. ^ ^ " ^' "^-^ , ■ - ^ . . 



Regression Strategy ' ^ ' 1 

The regresaion strategy treats a change between too'wave^ as a 
dichotomous dependent variable in a regression on a set of independent 
variables* Sociologists usually assj^me the regression is, linear 
in Che independent vartobless b^t nonlinear/approaches^ (see berow) 



are often ^ied ^sp other fields, 1 ^ • y'^-^ ' 

Sjp|lerman Cl9^72a)^ suggests this strategy as a way to incorporate 
indeppfident variables into a Markov model. Duncan, i Pterrucci (1976) 5^ke 

this approach in . studying 'whefchBr or not couples have migrated between 

' • ^ ' - ' ' ' 

two wavea of a panel. Bumpass & Sweet '(1972^ useUhls method to 

e 

investigate e,ffects of causal variables on -^marital dissolution. 

This strategy has several advantages and at least as many (if not 
ffliore) disadvaiitages , Its main advantages are ease of application, 
and comparativery low cost. In addit^n, unlike the log-linear 
^models discussed under the contingency ^ble strategy^ a regression 
approach allows both quantitative and qualitative independent variablas 
to be included in the analysis. Consequently, the "empty^cell" problem 
mentioned under the contingency table strategy is not likely to occur 
unless a great many interaction terms are included. 

^om% of the disadvantages of this strategy result from assuming 
that a dichotomous dependent variable is linear in the independent 
variablas. These disadvantages include heteroscedasticity of distur- 
banceSj i^e^^ficiency of ordinary least squares estimates, and the 
possibility that predicted probabilities of a change lie outside the 
(O-l) range (Goldberger 1964). Various nonlinear regression methods. 
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.^^Mij^j^^i, multivariate pMbit analysis and multivariate logit analysis, 

N> P^egcpm^rth deficiencies *pf the linear model. 
^ % li > , ^^^^ ■ 



^' ^ potentially mo^ iisturbing disadvantage of the regresaion approach 
=^tfne sHk^ed by the contingency table approacfi—arises from the fact that 
they ignore the timing of changfe. Both approaches implicitly aseurae 
that Che timing of changes is;^,ir^elevant to identification of the true 
underlying structure generating ^chan^e. Timing is/, indeed*, lyrelevarvt , 
I'f changes can only occur at the times of the waves of the panel. This 
can happen when change occurs at discrete intervals^ and the investigator 
knows the, true ^ lag and can arrange to collect "data at this interval. 
But usualjly it is falke^ either because the lag is unknown or because 
changes ian occur continuously in time. 

Little is known 'about the consequences of applying either regression 
or contingency table strategies to panel anialysis when the assumption 
mentioned aborve is false* Tuma (1973) has noted that the effects of inde^ 
pendent variables vary both in magnitude and in statistical significanca 
as the length of the tinie period varied in linear regression analysis-"^0f 
job changes. Singer & Spilatman C1976a5b) discuss a more fundamental 
problem. As we discuss below, identification of structural paramete'rs 
in continuous- time models of change in qualitative outcomes is problematic 
with panel data. Moreover, these problems cannot be evaded by treating 
the underlying processes as occurring at discrete intervals. These 
di^sturbing conclusions give added, force to suggestions that investigators 
collect as detailed Information about change in the qualitative ouccojie 
being studied ap feasible. Recognition- of these problems has also pro= 
moted a renewed^nte rest in panel analysis of Aialitative outcomes using 
a strategy based on continuous^time models. 
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Ccmtlnuous^Tlme Strategj.es . * % ^ 

Coleman (1964a) Is fltit sociologist to havE argued persuasiv/ly 
for basing panel analysis o*f qualitative outcomes oh .the assumption of 
an underlying stochastic process in \which ch anges may occur continuously ■ 
in time. His elaborations of this strategy are often ^ased on the 
discrete-^ A^e J continuous^tlme Markov ^©del discussed abo\?e 



As already mentioned, the simple Markov model rarely fits datapwell/ 
and various improvements have been ^proposed to remedy this, Coleman ^ 
(1964a, b) has contributed many 14eas for doing this, and his suggestions 
are of t^^quite. mathematically sophisticated. However, his 
empirical applications usually- ir^ol've comparatively simple situations, 
e,g*, two waves of observations on two endogenous dichotomous variables 
or on one dichotomous dependent variable and one dichbtomous exogenous 
variable. Even models describing these rather simple interrelationships 



give estimation equations that are not firivial^^ implement. Other 
sociologists (e.g., Mayer;, 1972) have also constructed continuous- time 
stochastic models with greater realism than the simple Markov model, but 
have not been able to escimate pararaeters from panel data in a satisfactory 
way. 

In the past few years Singer S .Spilerman (1974, 1976a, b) have begun 

to clarify what can be learnii from panel data' when ^the outcome of 

inaerest is generated by cohtinuous-time stochastic process. These 

authors have not been concirned with estimating parameters in any 

particular model. Instead .they have emphasized the development of tests 

0 

for choosing among broa^ classes of models (compare the second strategy 
discussed under event-history analysis). Among their findings are tha 
f olio wing* " ' > 
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First,, obaervations on the proportion of transitions among scatqs 
of^ha qualitative qutcMie being studied,, which gives, an estimate of th^ = 
ftatrix of transition probabiiities, cannot always be erabedded in (des- 
cribed by) a (simple) Markev process. Moreover, sampling error can sometimes 
causa panel data fo be unambeddable, .even though they are actually 
generated by a Markov process. Second, even if the data are embeddabla 
in a Markov process, there may not be a unique set of parameters that 
could have generated the data. Singer & Spilerman (1976a) detail a 
procedure for finling an exhaustive set of possibilities, but sometimes 
the final choice must be made on substantive grounds* Third, small 
changes in an observed matrix of transition probabilities (which can 
occur because of sampling variability) can lead to a quite different 
set of possible processes. A number of design features can reduce these 
problems, e .g, , multiple waves with irregular spacing, shorter intervals 
between waves, etc. In short, the more closely panel data resemble 
event^histo^ data, the fewer the prpblems in analysis. 

Thus, in spite of tfiis recent research, it Is still the case that 
panel analysis of qualitative outcomes is a methodological minefield-^ 
if, changes can occur continuously in time, l^ile iiiathematical and 
statistical invanfton may clarify what we can learn^ from a panel design, 
we will not be able to answer all the questions that sociologists like 
to ask. . 

PANEL ANALYSIS OF QUANTITATIVE OUTCO^ffiS ■ 
Strategies 

The two^wave panel has also become a standard tool for cha study of 
change in metric variables. But the problem of cksting substantive argument! 
in operational terms within this framework is far from settled. 
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Researchers choose panel designs fpr iivers^ rfasons; consequently there* 
. -- ' .-^^ .. . ' • ■ . ' _ 

' - is no single mechodology of panel- analysis. We find three b('oad v ■ 

approaches to panel analysis In the sociological literatyre,^ ' . 

The first strategy follows LaEarsfeld (1948) in seeking^n ^approxi- 

, macron to* eKpferimental design, ' LaEArsf eld- argued that one could approxi- 

i ^mate the^ study of eKperimentally-induced changes by isolating certain 

classes of changes in a turnover table (such as the 16- fold table). According 

to this view the panel design is a special tool for detectlngvcausal 

effects. The goal is to choose between two competing hypotheses^ X 

f 

causes Y, or Y causes X. This perspective has been taken over literally 

into the stady of changes in quantitative variables by"^ Campbell (1963) u 

^ and Pelz & Andrews (1964). They reasoned that orie might use cross- 

^ . correlations (correlation of with Y^ and with where subscripts/ 

^ denote the time period of measurement) to choose between the two 

competing hypotheses. If pi ^ Py v ^ then choose the hypothesis "X 

0 1 0 1 . , ' 

causes Y", etc. 

\* 

The defects in this inference rule soon became apparent ^ and the 

procedure was recast in terms of partial cross-correlations ^ „ and 

Vl -0 

Py X -3f * Otherwise, the logic remained the same. This has become a 

o"r 0 

standard procedure for choosing among rival explanations in psychological 
, research (see, for example, Crang, Kenny & Campbell 197.2), 

Kenny (197^ 1975) has ^explicated ^the logic of this procedure as a 
"test for spuriousness. " He actually specifies a particular covariance 
structure among unmeasured X' s and Y's and their measured values and 
argues that^ cross-lag correlation tests correspond to certain meaningful 
restrictions on the covariance structure. In particular, if the co- 
variance structure does not contain "causal effects" relating X and^ Y, and^ 
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if a numbsr of other strong conditions hojd (such as constant variances 
of ..latent and measured variables over time) , the crof^s-lag^artial 
correlations will be zero on average. = 

The "tfest for apuriousness" dependa on a particular Specification of 
the covariance structure~in shorty on a i^el. ^^^^epver, some of 
KennVf conditions appear not to Hold in Mny situations, e,g*, X^,and 
Y ^f ten have very different stabilities over time. - In many reasonable^ 
situations, cross-lag correlation tests give exactly the ^ong answer, 
i.e. suggest that X causes Y when the reverse is true (Rpgosa 1978a)* 

Many di^icultie's that .beset cross-^lag correlation analysis can be 
'traced^ to the main :puestioni does X cause Y or Y cause X? Though the 
question admits the possibility that neither effect exists, it does not,^ 
anticipate that both effects may hold. 

. ^ The structural equation approach to ^ panel analysis perml^^s' systematic 
treatment of more general questions* Instead of viewing panel deslgns?as 
a special tool for testing, .it focuses* on estimating parameters of the 
joint disjtribution of variables measured at two or more polhtfs ^In time. 
The sociological literature shows that one may form simple moBels that 
embody the various alternative causal structures relating X and Y (Uuncan 
1969; Heise 1970). The panel design may thus be treated as a special 
case of the usual nonexperimental cross--sectional deBign, Then, as 
Goldbergeir (1971) atgued, there is no need f org any ' sp^ec ial estimation 
and testings theory for panel analysis* Standard and widely available 
methods for struct'ufal-equation analysis dpply* ■ 
The view that 'panel analysis has been subsumed as a special case of 
structural^equation methods seems to^ be w. 't^y held in sociology. However, 
a third view contends this claim.. This parspectiva, advocated by 
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Colamdtn (1964a, 1968) , follows LaEmrsfald In emphaslilng change. But It ^ 

agr©M with the struetural-iquation perspective~that *l^ifeiences concerning 
change eaimst ba model-free. It argues that eKpllcit dynamic, modali are 
needed if pmel analysis is to yield oeatilrigful aubstantlve results* In 
.Qpe sense p the usual itructural-equation Mdels for panel analysis fit ^ 
these eriterla* since the equations may be considered stochastic difference 
equations. But, if as we argued earlier, most social processes 
do not have fixed lag structures and my change at any Instant, 
the proper specification is a continudus-time process* "^le structural 
relations are eK|^ssed as time-differential equations* The usual 
panel regressions, can then be viewed as particular forms of the solution 
of tfrie equations of the process, l.e*, as integral equations. The relation 
between integral equations and panel regressions penults use of data with 
^discrete spacing^ to estimate -^e parameters of a process changing 
continuously in time* We argue b^ow that this perspective has considerable 
advantages. However, to date this approach has been used only sparingly 
in sociological research (for example, see Freeman 6r Hannan 1975| Hummon, 
Doraian 61 Teuter 1975; Doreian a Humon 1976; Srfransen ^ Hallirian 1977 
and Hannan & Freeman 1978), . . 

Estimation * ' 



The recent sociological literature contains treatments of special 

complications that arise in the various approaches to panel analysis* 

S* ■ ^ ■= - 

In some cases, these developments tell cautionary tales, in others 



they suggpgt alternative estimation strategies 

t 

view that p-anel analysis offers a "free lunch*=yi;hamely that it obviates 



Duncan (1969) raised a fundamental o^bjection to the Chen widely held 
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the need to use a model In Mklng Inferences. He considers a two-wave** 
two varlrtle (2tf2V) panel daslgn and supposes that the analyst assimes 

- ' ■ ■ ■ ' / ' . 

that relations, ate linear-'additfive but wishes to rmaln agnostic concern-- 

Ing th& direction of causation. The most genial linear-additive 

/ ^ ♦■ . 

model then applies by default i 

- «' 

■J : , 

. ^1 " 6o + eiXo + S2^o + 63Y^ + v ' ,, (lb) 

Note that this model contains both lagged and Instantaneous effects. It 
^I s easy to show that the number of parameters to be es/tlmated exceeds the 
number of c6v^|ances available with which to estimate them in a 2W2V 
design; none of the parameters are identified* Since the parameters may 
not be estimated uniquely from dataj no numerical calculations tell f 
us anything about the causal structure. ^ 

Sociological researchers rarely estimate models like (1)* Instead 
they typically use models with only lagged effects such as: 

^1 " »0 ^ S^Xq + 02^0 + V (2b) 

As long as the disturbances are uncorrelated with the regressors (as 
can happen if there Is no instantaneous reciprocal causation), all 
parameters of (2) may be identified in a 2W2V design. Of course, the 
identifying restrictiohs may be wrong; there may be (^usal-' effects with 
lags shorter than the lag built into the design* If' so, we will not have 
improved matters by using the. restricted model ;^ith only lagged effects. 
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. So identlficatlpn, the fundamental Issue in panel analyals, turns 

0.1 the problem of using the "rrgKt'n.ag structure. Helse (1970) ^ 

f <» 

dlaeuasea some consequencea o£ using the wrong lag. - The problem of 

* , ' i • = ^ " 

course la that we rarely 'if ever have enough Information about the 
detailed^ structure of a process to specify the true lag exactly (Davis 
1978)* As long as we focus on discrete- time processea, lack of such 

taowledge Is a massive obstacle to analysis* 

■ ■ . ■ ■ 'i 

' A major advantage of the continuous- time specification is that 

it makes the timing between waves irrelevant (Coleman 1968) . Thus^ for 
at laast the class of linear differential aquation models, the identi- 
fication problem that concerns Heise. (1970) and Davis (1978) does not 
arise. Consider the following simple case. Let tha rata of change in . 
both X and Y depend linearly on X and Yi ' ^ 

, dY(t)/dt - + a^Y(t) + a2X(t) (3a) 

dX(t)/dt - + b^X(t) t b2Y(t) (3b) 

The intagral aquations corresponding to this system, sub j act to initial 

. .. ■ \ 

conditions X(0) p Xq and Y(0) - Xg, have the form: 



Y(t) =Tq+YiYq+Y2Xo C4a) 



X(t) * + 6^Xq + S^Yq ■ ~ Ub) 



where the y's and 6's are complex functions of the parameters of the 
system (3) and of elapsed time between t and t. Inspection of these 
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f tactions shows chat the apaclng of obaervatlona la taken into acc/sunt 
; lit a perfettly natural i#ay. Horaover» this feature permits aystematic 
comparison of tstimatea from studiae with different lags« ^nms the 
continuous- time perspective solves two of the majo.r practical difficulties 

i 

In conventional quantitative pan^ analysis i choosing a rag. and comparing 
findings from analyses with, different lags* ' 

Identification issues asidSp the most troiiblesome feature of . ' 
quantitative panel analysjes concerns the specification of the omitted 
factors, whose effects are sumia'trized in a dl.sturbanca term. Tarn usual 
practice of applying ordinary least squares (OLS) eatipators to models 
such as (2) Implies that errors are uncorrelated over time. But if thasa 
fiPtors are stable over time, l.a , , autocorrelated, the disturbance term 

cannot be uncorrelated with tha right-hand side vatiables in the 

" ..ft" 
convantional model, (2). Consequently, OLS estimators of the para- 
meters of the convantional two-wave panel model are biased whenever the 

disturbance is autpcorrelated (Johnston 1972) . Evidence that auto-^ 
J ' 

correlation bias is large Iri the designs and research s^uations favored 
by sociologists has accumulated rapidly. Thus progress in analysis of 
sociological panels depends critically on solutions to the problem of 
autocprralatlQn, ., . . ^^.^ 

The main obstacle to such progress has been the heavy^liance on 
the two-wave panel with single measurements of each variable/ Recent 
work shows that reasonably satisfactory solutions to the .problem can 
be achieved by either increasing the number of waves of observations or by 
using muitiple measures of each variable. In each case,: one obtains 
infomation suf tlcient ^ both to estimate structural parameters and to 
adjust for some typds of autocorrelation* Each. development requires 
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mbvingbtyond ordinary least dqt^rts ^stlmatori^ as we discuss belew, 

variables tiT panel drt^ 
first aetraqced attention In sociology «if a framework wlthlt^hlch to 
cope with measurement error (Blalock 1970- Duncan 1972* Hannan, Rubinaon 
•4 Warren 1974). This early llterati^e recognized that structural para- 

■ ' . ■■ ' • . ; ■ . ■ . ' . . .. - - . , 

- - - M-* = - 

meters could still be tdentlfted in some sucK models even when measurement 
errors are aut^correlated,^ More recent work has shown that disturbances 
associated with the latent variables my also^ be' autocorreidted wl^thout 
destroying Identification^ if one places'.si^ff Iclf nf restrictions on the 
model. < . ! \ " V ' 

Current work in this tradition focuses^^on efficient estimation 
and mode 1 testing. The key innovation Is Jareskog's (1970) developmant 
of "full inforaatiori" maximum likalihood procedures for linear structural 
equation systems. The advantagep of^'^this approach are diaeussed by 
,Joreskog 6e Sprbom (1976) and Wheaton, Alwln & Suoaners .(1977) . This 
prbcedure has been implamented in empirical reaearch by Bielbys Hauser 
St Featherman (1977), Kohn S Schooler (1978) and. Esoar U979). ^ 

An alternative s'tratagy vlnvolvea pooling waves of a multi-wave 
panel. ^# The resulting design, called a pooled cross^aectioh and time 
series design, tacitly assumes that the sime structure operates in each 

pair of adjacent waves. If so, the Information in excess of that gener^ 

■ J' ' - ' ^ ■ , ' ' ■ 

- • ■' . • . ' 

ated by a two^wava panel can bemused to estlmata parameters of a postulatedi, 

autocorrelation process. One promising speelf Icatlon of the autocorrelation 

process uses the classical variance-components model/ It assises that the 

disturbance consists of two (or mora^-see below) unrelated components ^ 

one component is truly random; the othar Is a constant that characterizes 

Che unit of observation (e.g., genetic composition, enduring ^ features 



■ g ■■ / \ ■ ■ ■ ' - . ■ V ^ " , 

ap€Glf Icatldii^ the dlsturbknces are autocorrelated only because, of tha 
iinlt-apeciflc components. If the latter ar« considered to be fixed effects, 
pooled vd.thin-unlt regressions eliminate autoregreeslon bias (Maddala 1971). 
If ttJpunlt-gpeelflc elfects^ are considered random variables drawn from. 
I some distribution^ one may use generalized least squares estimators that 
have good large sample properties and reasonably good small sample 
properties as well' (Nerlov^ .1971| Hannan^ S Young 1977). 

Tha pooled crdsi-^sectlon and time-series estimators have be^n^ 
extended to deal with further practical complications. Llllard & 
Willis (1976) have estimated models with Jlxed individual effects and 
random disturbances that are themselves autocorrelated (with a flrst^order 

autoregresslve scheme). Nielsen S Hannan (1977) have used an estimator 

■ (, . . ^ ^ . ■ ■ ' " ■ 

that acconraodates for Indlvidual^speclf Ic effects and heteroscedastlclty 
of the randott^^ component, ^ 

It is also straightforward to add period-specific eMedts as well 
(Kuh 1959; Balestra 6r Nerlove 1966). Thfe period effect summarizes the 
environmental factors that are unique tor the measurement period and effect 
^11 units alike. These ef f ectS' ma^ alsb be considered as fixed factors 
or as realisations^ of some stochastic process generating environmental 
variability. Simple extensions of the fixed effects and. generalized 
least squares estimators apply to these specifications. 

The pooled cross-^section and time-series design seems a natural 
fraraework within which to study age, period, and cohort effects (see 




Ryder 1965 for a discuasion of the importance of distinguishing these 

omponents), Jt la well knowi that the three^^ffects cannot ba identified 
in pross-seetiotts. However, as long as one a|aiiies an additive structure, 
two of the three:My be, identified in auph dealgns (Mason et al. 1973)^ 
In a pooled models petlod effeets may be estimated without difficulty; 
however, -age -and cohort (viewed as an indlvidual-f pacific effect) may 
not be distinguished without further restrictions on the modal,. 

One last estlmatidn issue deserves mention* The socldlogical and 
ecdnomic literatures have pursued different tracks in estimating systems 
of linear differential equations. The integral equations corresponding 
to systems contain matrix functions of the form expCBt) where B 1^ a k 
by k matrix when the system contains k equations. Sociologists^/ 
following Coleman (1968)~but see Kaufman -^976) —use what is'known as 
a. spectral decbmposition of this matrix function to relate ragression 
- estimates to dynamic parameters. But this strategy does [not. permit use of 
constraints on elements of | in estimation. Consequently, estd^ation is _ 
not fully afflcient. Econometricians, seeking efficient estimators, have^ 
focused on discrate approximatioTrt; to the dlfferantial equation systems 
that permit the use of constraints on parameters ..(BergsCrom 1976), It 
is not yet known whether the approximation etrori Introduced by this 
approach compensate for the^ ability to utilize constraints. 

' s " ..... 

• \ 

. Tl^ffi SERIES ANM.YSIS : * ^ 

We will only briefly indicate the main lines of development of time 

.series analysis in sociological research* Many of tlfe issues of strategy 

ft ■ . „ ' ■ ■ / ■ . ' _^ . ^\ 

and estimation parallel those already discussed. Morever, the V ' 

statistical theory of time series estimation is fiar more codified \ 



than ia^the^aae for panal analysis, * - 

fbeused on questions similar to those posed by Lazarsfeld* In an Influ- 

tntlal papery Granger (1969) defined direction of eausallty In terms of 

predietablllty ;in multiple tko& series. He proposed that one time series 

- . f ■ . . ^ 

(X.)i causes another/ If current values of Y can be predicted from' 

past valuesi of Xj parftialllng for /the effects of paat^ values of Y, This 

' . ' \^ / . \ ■ 

conceptidn Yesemffles that underlying cross-lag correlation analysis— 

^ - ^ -■ ■ " ■ ' — 

wlth^ the l^ftp^stant eKceptlon that Granger explicitly Includes the ^ 
possibility of joint causation* Nonetheless, much has been made of 
Slms^ (1972) use of dlstributed--lag estlMtbrs to determine whether the 
stock of money causes income variations or vice versa. 

It turns out that translating Granger's criteria for causation In^o 
twoTwave panel ^rkat does not give a cross-lag' correlation test, ^ 
Instead j it Implies "that X causes Y if the structural cross-lag 
parameter labeled ot^ in equation (2a) is nonzero and that Y causes X if . 
in (2b) is nonzero (Rogosa 1978b), 

Tlme-seri-es analysis ^s the standard procedure for estimating 
continuous-time dynamic models, ' For eKamples, see Doreian & Hummon 
(1976) and Pitcher, Hamblln & Miller (1978). However, the structural- 
equatidn perspective, with discrete lags, Is more conmonly iTpplied to 
sociological time series. Then the standard aconometric literature on 
time series with its focus on autocorrelation of disturbances applies 
(see Hibbs 1974 for a review). The econometric literature stress two 
forms of autocorrelation, autQr;egressive/ and moving average processes. 
Much, recent work follows Box & Jenkins (1976) in specifying a very genaral 



miKture of the two, proeeises as a model of the noise proceas^ This 

- i:. . liz^^ __ . _ . - L. .r. „ - . . -. . . - 1 _ _- ^ 

itrat^gy^ has swept the field of applied tlme-aerlas analysis but has 
barely penetrated sociological research, Hlbbs (1977) discusses the 
pptentlal .value of the Bo3t-Jenkins approach to the study of policy ' 
Interventions whan long tlmfe series are available^ and Vigderhous (1977) 
has lllustratad its value In foracastlng social trends. Finally, much 
theoretical work on time seties uses a spectral representation of the 
aeries that transforma from a time domain to a fraquency domain. The 
goal Is to decompose a long series into components of different fre- 
quency just as sound may be s# decomposed. One may then wish to smooth 
high-frequency (or short-period) waves so as to achieve a clearer?^repre- 
sentation the longer cyc*les of tha pr^ceaa* Possible iociologlcal 
applications of this strategy have-been discussed by Mayer & Arnay 
(1974). ♦ - 

conclusions'' = 

T|ie notion that temporal analysis automatically yields 
conclusive Inferences 'dies hard. However, the thrust of moat recent, 
methodological devalopments hae been to argue cogently against 
/this view* We have emphasiaed that the stock tools of temporal analysis 



in sociology J the two-wave panel for qualitative^ and quantitative out^^^l'j 
adfelts multiple interpretations. In the qualitative case, whem changes 
may occur at M>/time, one cannot Identify structural parameters f rom ^ 
only two WBvpB of panel dajta. Event counts, event sequences and eveftt 
histories permit much finer model testing and should be used more often 
in sociological research. The identification problem plagues the 
quantitative case as well» If t'he model assumes a discrete-time process,', 



1 



ene must know thm timing of the causrt lags, Ovmralt these recanjt 
methodological developments reemphasl^e the importance ^of substantivei| 
theory and models for making good uae of temporal data* 

The situation is not whol^^ bleaks however. Socio loglsti have begun! 
to devote more^ attention to modeling change processes. Wa propose that 
such developments, particularly the use of continuous- time stochastic 
models of change, will permit- a much richer use of temporal data than in 
past sociological research. Not onl^ will such models enrich sociological 
analysiSt they also focus attention squarely on change processes. They 
. emphasize that temporal data is not just like cross-sect ional dataj but 
that it contains Inforaation on the mannar In whlch^anga comas about. 
^ - Finally we have commented separately on arialyaia of qualitative and 
quantitative outcomas* But many of the mos,t intetestln^ Issuaa in ^ociolo 
glcal theory concern linked changas in quality and quantity. Sociologists 
have not even begun systematic study of CQupled changes In qualitative . 
and quantitative outcomas. Ona maj'or obstacle to the daveibpment of ex- ' 
plicit process models quality and quantity ii that we. use dif farant 
mathematical structures in the qualitative and quantitative case#. For 
the former we uae stochastic models; for the latter we use deterministic 
models (sea the discussion on Coleman 1964a i 526-8). Clearly there Is^' 
a need to develop stochastic models for changes in quantitative variables. 
Unfortunately this leads to considerable mathematical complexity (see 
Jazwinski 1970 for a discussion)* ^Nonetheless , this seams uuceasai'y 
next step if we are to use te'fflporal data to address many fundamental 
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